Background
Methods
We propose a new combinatorial optimization problem that addresses the core issue of biomarker detection in integrated datasets. Optimal solutions for this model deliver a feature selection from a panel of prospective biomarkers. The model we propose is a generalised version of the (α,β)-k-Feature Set problem. We illustrate the performance of this new methodology via a challenging meta-analysis task involving six prostate cancer microarray datasets. The results are then compared to the popular RankProd meta-analysis tool and to what can be obtained by analysing the individual datasets by statistical and combinatorial methods alone.
Results
Application of the integrated method resulted in a more informative signature than the rankbased meta-analysis or individual dataset results, and overcomes problems arising from real world datasets. The set of genes identified is highly significant in the context of prostate
Introduction
The extraction of information arising from the integration of multiple datasets and its translation into domain knowledge is a significant problem in several fields. Today, more and more biology and health related studies around the world are engaging in the useful policy of leaving their raw results available for the common good via public domain databases. This open sharing has benefitted the reproducibility of other researchers' findings. The existing online datasets are also becoming very useful for the development of new mathematical and computational approaches for pattern recognition, machine learning and artificial intelligence methods. This healthy practice of sharing data is now being increasingly adopted by governments and scientific journals. The private and public sector is also engaged in "data-mining competitions" in which the datasets are made widely available and crowd-sourced for data analysis. In this new, digital and interconnected global research open data enterprise, this is definitely a good direction for science, research and development and we are confident to affirm that this trend is here to stay.
The term 'meta-analysis' generally refers to an integrated study which aims at developing a consensus of findings from individual studies. Sometimes authors use this term rather loosely meaning just a 'review' of a set of existing studies that are independently obtained but related to a set of common questions of interest [1] . When some conditions are met, an integrated study can help to improve the power of the analysis by increasing the total number of samples under consideration [2] . Meta-analyses are also an important tool when some of the existing studies have conflicting conclusions [3] and the overall aim is to resolve them, if possible. Increasing the detection power of smaller studies by integrating them in a larger study has also become a way to overcome research funding limitations. This is particularly the case in transcriptomics, and there is an undeniable need for new mathematical models and algorithms aimed at extracting information by jointly studying different datasets which often contain information extracted with different and ever-changing technological platforms.
The existence of large number of publicly available transcriptomic studies gives a strong motivation for the development of new mathematical methods that help to extract panels of biomarkers by employing several microarray datasets. In spite of the growing number of studies, an overall consensus has yet to be reached about how to do this [4, 5] . Researchers sometimes only highlight the obstacles ahead, for instance, by pointing at the essential differences in microarray platforms, experimental designs, collection procedures for samples, heterogeneities of laboratory protocols and the analysis methods used for the study [6] . Most of the studies are unable to provide a definite answer to the question of interest since too few samples are entered into the study [7] . However, all these confounding issues need to be considered and highlighting them does not diminish the need to develop integrative techniques for joint panel of biomarkers elicitation.
Many studies have shown that it is difficult to obtain a reliable result from a single dataset [8] [9] [10] [11] . Even though some researchers may eventually procure the financial resources to conduct studies with large number of samples, leading to greater power to detect individual markers, an integrated study can provide a clearer picture as the final result would look for consensus in a number of individual studies. This shows the necessity for developing combinatorial optimization-based approaches to determine a significant list of genes from multiple platforms when we are looking at a panel that acts together for a discrimination task across several studies.
Multi-platform data integration remains challenging as the datasets from different experiments are not directly comparable due to the factors associated with the generation of the dataset [12] . Some of the challenges are simply technical in nature, for instance the genomic data may come in a wide variety of data formats, thus making direct integration difficult. The datasets can be converted to a common data format before combining them, but this is not always feasible [13] . Several methods have been proposed in the last few years for the meta-analysis of gene expression data to find the set of significant genes among the selected datasets. The existing meta-analysis methods either perform statistics for each dataset or integrate all the selected datasets into a single large dataset to estimate the differential gene expression. A rank based method proposed by Breitling et al. [14] and later developed by Hong et al. into the RankProd Bioconductor package [15] , uses the fold changes between all interclass pair of samples to compute dataset ranks for each gene, then combines ranks with the geometric mean of ranks across sample pairs. MetaArray is another meta-analysis method proposed by Choi et al. [16] in which the data is transformed into probability of expression [17] followed by the filtering of genes based on the integrative correlation analysis. Mergemaid [18] is another package for meta-analysis that helps to integrate heterogeneous platform datasets on the basis of user-provided IDs of genes. The standardized regression coefficients and z-scores are used as a measure for the gene selection process form the integrated dataset. Although these methods are capable to select signatures from the integrated dataset of heterogeneous platforms, they are incapable to deal with genes not represented in all the datasets. A recently proposed method called NetSel [19] is a heuristic rank aggregation method for feature selection that can be applied on heterogeneous set of lists. However, RankProd is by far the most popular of those methods, and we have chosen it as a comparison benchmark.
The goal of this article is to present a new method for the integration of microarray gene expression datasets which may have been obtained using different platforms. We do this without needing to transform the values to a common uniform format and range of values. We also propose a new combinatorial optimisation approach to select the best set of common features that can discriminate the given classes. The method is a generalised version of the proven and very successful (α,β)-k-Feature Set methodology previously pioneered by our group [20, 21] and we show here how it can be applied to the combined dataset. We benchmark our new method by analysing the integration of six prostate cancer datasets produced using different platforms and highlight its main findings. We deliberately turn our attention to relatively small and also relatively old datasets, somewhat disregarded as potentially "uninteresting" due to the advances of current biotechnologies. We compare the integrated results against the collection of results of individually applying traditional statistical analysis and the (α,β)-k-Feature Set methodology to each dataset. We aim to illustrate the potential of secondary analyses of these datasets using the proposed technique.
The structure of the article is as follows; the materials and methods employed in this paper are explained in detail in Section 2; in Section 3 we present our results by applying the proposed integration and feature selection method on prostate cancer datasets. In Section 4 we present some discussion on the basis of the result. Section 5 gives a conclusion of this study and future directions.
Materials and Methods

Datasets
The six publicly available prostate cancer gene expression datasets used in this study were collected from Gene Expression Omnibus (GEO) or from the original source. The details of all the datasets in this work are summarised in Table 1 .
The selected datasets have been generated using two different platforms. The gene expression levels of three of them were measured using cDNA two-channel arrays and the other three using Affymetrix arrays. The datasets are named according to the name of the first author of the published article. As shown in, the last three datasets are collected form the same article, so the datasets have been named with the first author's initial and the GEO platform number (eg. L-2695). Details of the datasets are as follow.
In [22] , Singh et al. introduced an outcome prediction model to distinguish between tumour and normal samples. The dataset used in this study contains 102 tissue samples collected after radical prostatectomy. The sample consists of 50 normal samples and 52 primary prostate cancer samples. This dataset was generated using Affymetrix HG-U95A v2 (GPL8300) arrays.
The second dataset has been contributed by Welsh et al. [23] in 2001. The study investigates a therapeutic approach to differentiate the tumour and normal samples. The dataset contains 55 samples that are hybridised to HG-U95A v2 (GPL8300) arrays. The samples are of 25 primary tumour and 9 normal tissues and the rest of the samples were taken from different donors with different types of cancers.
The third dataset has been published by Uma et al. in 2007 [24] . This study introduces an experimental design to address the differences in cellular content between primary and metastatic tumours. The dataset contains 63 tumour tissue samples and 17 normal tissue samples and has been produced using Affymetrix HGU95Av2 arrays.
Lapointe et al. [25] introduced a hierarchical clustering technique to distinguish tumour from normal samples and to identify the subclasses of prostate cancer in 2004. This study was performed using three different datasets produced using cDNA two-channel arrays; the first Lapointe dataset (L-2695) contains 26 samples (13 primary tumour tissue, 9 normal tissue and 4 metastasis tissue samples). The second Lapointe dataset (L-3044), with a total sample count of 41, has 23 primary tumour samples, 16 normal samples and 2 metastasis samples. The third dataset (L-3289) contains a total of 45 samples, of which 26 are primary tumour, 16 normal and 3 metastasis samples. We have restricted our study only to those samples which originate in either primary tumours or normal tissue. The total numbers of samples are then 319, of which 202 are primary tumours and the rest are from normal tissue.
Integration method
The direct integration of microarray gene expression data from multiple platforms is, in principle, greatly facilitated when there exists commonality between the platforms used. However different gene expression platforms will target genes or transcripts differently by using different sets of probes. There may be many probes mapping the same gene due to duplicate spotted probes in microarray chips. On the other hand, there may be a single probe that maps to several genes (or loci) if the specificity of the probe sequence is not good enough. These probes must be discarded from the preliminary analysis as it is difficult to analyse these multiple genes. In addition, the interpretation of the results via Gene Ontology or pathway-informed databases could be compromised by the multiple mapping problems. In addition to these difficulties, we may also face the problem that one probe targeting different regions of the same gene could be indirectly monitoring possible different abundances of protein isoforms. This many-to-many nature of the mapping problem makes it difficult to take a simplistic approach to the essentially different maps that platforms produce by their probe sets.
In this contribution, we map at the gene level. In order to map the probes across the platforms in Table 1 to genes, we have used a simple alignment policy, explained below; with no distinction of isoforms and also ignored the mentioned problems. The probes were mapped using the hg19-GRCh37 version of the Genome Browser's table produced by the Genome Reference Consortium to avoid the misnaming and misalignment of genes. In order to obtain a relatively large number of probes that could be used in the final integrated dataset, we collected those that satisfy any of the given three conditions:
• Where the probes are targeting the same sequence
• Where the targeting sequences are overlapping
• Where the targeting sequences are at a distance of at most 1000 base pairs
The probes from each dataset have been mapped to genes and the associated transcription start and end position of the targeting genes compared according to the conditions mentioned above. Whenever there is a common targeting gene for different probes from multiple datasets, we consider the different combinations of those probes in the combined dataset. Similarly, if the features (the transcription start and end sequences) have an overlap between them, or are at a distance of at most 1000bp, the combination of those probes is also selected to be part of the combined dataset. The selected list of combination of probes is given in the Supplementary Materials (S1 Table) . Each unique combination of probes from different datasets becomes a feature in the combined dataset.
Feature selection method
Initially, we used Fayyad and Irani's entropy-based heuristic on each individual dataset to remove uninformative features. This univariate selection mechanism is a pre-processing step related to the Minimum Description Length Principle (MDL) [26] . The purpose of using this step in this method is twofold: it removes features that are not significantly different in healthy and disease samples (thus it helps by reducing the dimensionality of the problem), and second it helps discretise the values (which in turn facilitate the combinatorial approach).
In this contribution we propose and analyse a new combinatorial approach to select a set of k significant features that can explain the multi-platform integrated datasets. We call this problem the Coloured (α,β)-k-Feature Set problem. The approach is a generalised version of the (α, β)-k-Feature Set problem methodology [27, 28] which is a supervised feature selection method to select a significant set of features that can collectively separate the sample groups. The method has been successfully used in several studies by Moscato et al. for finding biomarkers for different diseases [20, 21, [28] [29] [30] [31] [32] [33] [34] .
The (α,β)-k-Feature Set problem provides a significant set of genes that collectively maximise the inter-class discrimination and the intra-class coherency [33] . The method seeks to differentiate all sample pairs which belong to different classes by selecting a minimum set of genes that do not necessarily present a uniform expression level across samples in each class but collectively provide the maximum amount of evidence. In contrast, rank methods that score and order genes by their differential expression across the classes bring gene sets that may not work together as a signature, particularly in complex diseases whose molecular characterisation may present subgroups.
The mentioned feature selection method works well with a single uniform dataset, but not for an integrated dataset. The Coloured (α,β)-k-Feature Set problem handles the integrated dataset in a consistent manner and selects features that differentiate sample pairs across the datasets. The application of an (α,β)-k-Feature Set problem based method for meta-analysis thus helps provide the best set of features from the combined dataset, allowing researchers to reveal the genetic pathways that take part in the development of the disease.
Here we more formally present the decision versions of the generalization of the k-Feature Set problem called the (α,β)-k-Feature Set problem, the Coloured (α,β)-k-Feature Set problem and the Generalised (α,β)-k-Feature Set problem. In what follows, let B represent the set of binary values, i.e. B ¼ f0; 1g; let n be the number of features and m the number of samples, p be the number of sample groups (i.e., different platforms/cohorts/datasets) and the tuple y be the class labels of the samples. In words, the Coloured (α,β)-k-Feature Set problem instance is constructed from a collection of individual (α,β)-k-Feature Set instances with common features, where the comparison of feature values is limited to sample pairs formed from each individual instance. The "coloured" name stems from assuming samples in each individual instance are coloured with the same unique colour, then only same coloured samples can be combined in pairs.
It is evident that the same set of data reduction rules presented in [21] for the (α,β)-k-Feature Set problem applies to an instance of the Coloured (α,β)-k-Feature Set problem, as the latter is formally equivalent to a larger instance of an (α,β)-k-Feature Set problem by an appropriate relabelling of samples.
Generalised
In the most general form appropriate for meta-analysis of datasets with common features, the (α,β)-k-Feature Set problem can be stated as follows: The Generalised (α,β)-k-Feature Set problem has been devised to deal with the more general situation in which some samples in one sample group may be compared to samples in another sample group, for example. The binary function g(i, j) indicates when feature values for a given arbitrary sample pair (i, j) can be compared.
In all previous formulations, the samples have been presented as an array of n+1 binary values, although this is not strictly necessary. The class label can be a categorical variable taking values over a (typically small) set of categories or classes. The features can have values of any kind, as long as there exists a meaningful comparison able to decide if any two values are considered equal or different.
Coloured (α,β)-k-Feature Set as an Integer Programming Problem.
Next, we present the Coloured (α,β)-k-Feature Set problem as an Integer Programming optimisation problem. Let p, n, m and y be as given before. As the sample groups are disjoint, there are no common samples between any two of them. For any sample j and any feature s 2 {1,. . ., n}, let c j 2 {1,. . ., p} be the sample group it belongs to, and x js the value of the feature for the sample. For any sample pair (i, j) let A Coloured (α,β)-k-Feature Set problem instance can have more than one optimal solution with k features in each. This multiplicity is resolved by a subsequent optimisation problem which searches for the solution of size k with maximum cover. We then define the optimal solution of the Coloured (α,β)-k-Feature Set problem as the one that maximises:
subject to the conditions:
where:
In Eq 4, the cover e s is the number of pairs of samples that feature s covers, and can be specified as:
The solution of the optimisation problem (1-3) requires the specification of the parameters α and β. One way of requiring a robust solution of the problem is to specify α as large as possible. This value is determined by the instance of the problem, and is equal to the minimum number of features that differentiate any sample pair of different class labels. Once the value of k is obtained with β = 0, we can then repeatedly solve the problem (4-7) for increasingly large values of β in (7), until the problem becomes unfeasible. The last feasible solution is the signature sought.
A final note about the computational complexity of this family of problems. The (α,β)-kFeature Set problem is at least as complex as the classical k-Feature Set problem, which is NPcomplete [35, 36] . The (α,β)-k-Feature Set problem is not only NP-complete, but W[2]-complete [37, 38] .
t-test
In order to benchmark against traditional statistical methods, we perform a t-test analysis of the individual datasets. The t-test is a statistical significance test method used here to select genes that exhibit differential gene expression between two different conditions [39] , in our case normal vs. primary tumour, above a certain p-value level of confidence. The procedure of t-test is described below:
Let S 1 and S 2 be the mean values of a particular gene in the two different class labels 1 and 2, of sizes m 1 and m 2 . The t-statistic for this particular gene is computed as:
where X is the pooled sample variance
Here x 2 1 and x 2 2 are the variance of replicated observations in each condition and n 1 + n 2 − 2 is the number of degrees of freedom. In our study we used the 'genefilter' Bioconductor package [40] with a chosen p-value of 10 −4 to perform our t-test.
RankProd
We compare our results to those obtained by another popular meta-analysis method. RankProd is a non-parametric meta-analysis tool introduced by Hong et al. [15] to detect differentially expressed genes. It arguably is the most widely used gene expression meta-analysis method, and is provided as a Bioconductor package that modifies and extends the rank product method proposed by Breitling et al. [14] . Fold Change (FC) is used as scoring criteria to rank and compare genes within each dataset. An overall ranked gene list is produced by aggregating the individual ranks across datasets. A pair-wise fold change (pFC) is computed for each gene g within a given dataset k as,
in which T g j and C g l are the expression values of gene g for sample j (belonging to experimental condition T-e.g. "tumour") and l (belonging to experimental condition C-e.g. "control"), and n T k and n C k are the number of replicates which produce a total of K k ¼ n T k Â n C k pFC values per gene. Then the corresponding pFC ratios are ranked and are denoted as r gi , where g = 1,. . ., G represents the number of genes and i = 1,. . ., K k represents the pairwise comparison between samples. The rank product of each gene g is defined as the geometric mean,
Expression values for each gene within each datasets is independently permuted L times and produce RP ðlÞ g where l = 1,. . ., L by repeating the above steps. A reference distribution is obtained from all RP ðlÞ g and the adjusted p-value and the false discovery rate for each gene calculated.
In this study, the datasets are combined in terms of common genes across the platforms. We have applied RankProd on the combined dataset to select genes associated to the condition being investigated.
Robustness
To evaluate the robustness of our method with respect to perturbations in the data we have performed a series of experiments. The presence of noise in the gene expression data is difficult to estimate, as it depends on platform-specific factors as well as experimental conditions. However, the final manifestation of perturbations in the datasets would be a change in the composition of the set of probes that pass the MDL criterion. We have thus analysed the robustness of the final integration results with respect to varying compositions of the individual datasets, for different perturbation models, inspired by the 'leave one out' approach. Specifically, we have modelled the following setups: a) removal of one, two and five genes from the combined dataset, and b) removal of one gene from one and two individual datasets. In order to estimate the worst case scenario, all genes were restricted to those that appear in our final signature as expressed in all six datasets. In each case, all combined probes corresponding to the chosen gene (s) are removed. An integrated signature is then obtained and compared with our original signature. The procedure is repeated 10 times for the a) case and 5 times for the b) case, with random selection of gene(s) and dataset(s), and average results reported.
Results
As we have mentioned before, to evaluate the applicability and usefulness of the proposed method, we have selected primary tumours and normal samples from six prostate cancer datasets measured with different platforms. Since the method proposed in this work is a generalization of the (α,β)-k-Feature Set approach for probe set selection, the most natural comparison is to evaluate their results by contrasting them to those that are obtained by applying (α,β)-k-Feature Set individually. This means that we need to solve the feature set problem for each of the datasets and find the individual gene signatures that discriminate the sample classes. We then apply our proposed method, Coloured (α,β)-k-Feature Set problem. This experimental scenario has been designed to observe the benefit of an integrated approach against the comparison of gene lists obtained by analysing each of the individual experiments by separate.
For completeness we include the results of the individual datasets t-test analysis. In this way, we compare the benefits of our integrated approach against a frequently used feature selection method based on a univariate statistical test.
To evaluate the relative performance of the proposed method, we compare results obtained by the RankProd method. As explained in the introduction, many meta-analysis methods are not applicable in the general conditions of a multi-platform meta-analysis. RankProd is a popular choice that is able to do it, and somewhat similar in the sense that ranks genes based on the comparison of values for pairs of samples of different class labels.
Individual (α,β)-k-Feature Set problem results
The application of the (α,β)-k-Feature Set methodology consists of a pre-filtering step and the solution of a combinatorial optimisation problem. The pre-filtering selects features based on the class information content and discard less informative features thus reducing the dimensionality for the subsequent combinatorial problem. Details of the methods are provided in Section 0. The characteristics of the individual dataset result are given in Table 2 .
Each dataset resulted in molecular signatures with a large number of genes (provided in the S2 Table) . Surprisingly the number of common genes between them is only seven and they represent a negligible overlap of results between all experiments. This shows the need of an integrative method as it would be infeasible to come up with any form of statistical support that could link these genes to putative pathways that could be deregulated. On the positive side, however, all seven genes in the overlap already have reported association with prostate cancer. The list and literature references are given in Table 3 .
t-test Results
In order to have a baseline for comparison with another methodology common in practice, a ttest was conducted on each of the six individual datasets to compare the gene expression levels of normal and primary tumour samples. We compare this with our individual (α,β)-k-Feature Selection results. The method is explained in detail in Section 2 and the individual dataset results are given in Table 4 .
Large numbers of genes are filtered out from each dataset using the t-test approach (the resulted list of genes is provided in S3 Table) . The only genes common to the results of all six experiments are EPCAM (epithelial cell adhesion molecule), also a known marker [17, [41] [42] [43] [44] [45] [46] [47] [48] , SOX4, EEF2 and AMACR. This shows even less genes in common than the overlap between Dataset is the short name used in this paper for the dataset. doi:10.1371/journal.pone.0127702.t002 Table 3 . List of common genes among all the individual dataset results from Gene Symbol is the official gene symbols. Gene Name is the expanded gene name. Reference is the reference for each gene which shows the relation with prostate cancer. 
Coloured (α,β)-k-Feature Set problem results
To apply the proposed feature selection method we prepared a combined dataset collecting the entropy filtered probes from the individual studies. This ensures that selected probes in each individual study carry some differential expression information with respect to the sample classes, and also provides a well-defined discretization which respects the individual study conditions. Probes in one platform were matched to probes in another platform based on gene names and genomic positions as explained in Section 0. The combined dataset contains 319 samples and 16157 combined probes. Out of these, 1405 contain values for all six datasets and 10729 for three or more datasets which is annotated to 1454 unique genes. The number of combined probes covering only one dataset was 3425. This uneven cover of datasets is due to some probes being discarded by the entropy filtering as uninformative only in some datasets and not in others. However, the large number of combined probes with values in three or more datasets indicates a good level of coverage after dataset integration.
We then applied Coloured (α,β)-k-Feature Set selection methodology in the combined dataset and obtained a resulting list of 3190 combined probes with a maximum of α and β value of 612 and 776 respectively, which corresponded to 1788 unique genes. The resulted number of probes for selected number of datasets and their corresponding number of genes are given in Table 5 (The list of genes can be found in S4 Table) . An gene ordering algorithm, presented in [49] , has been applied on this set of genes to generate a heatmap that brings out the correlation between the resulted genes and is shown in Fig  1, heatmap for the 186 genes that cover five or more datasets and Fig 2 for the 120 genes that cover all six datasets, respectively.
If we consider the genes that appear in the overlap of the t-test, (α,β)-k-Feature Selection and Coloured (α,β)-k-Feature Selection results individually, we get very few genes in the case of t-test and the individual (α,β)-k-Feature Selection, but Coloured (α,β)-k-Feature Selection gives 120 unique genes (The list of genes and the details can be found in S5 Table) . That shows a significant difference in the number of common genes from 7 to 120. The number of overlapping genes in different method is given in Table 6 .
RankProd Result
The RankProd ordered the genes by increasing pfp (percentage of false positive likelihood) value, and the top genes with a 0.05 pfp cut-off from both up and down regulated list of genes were used for the comparison. This resulted in a list of 1883 genes from the combined dataset (the list of genes can be found in S6 Table) .
The comparison between Coloured (α,β)-k-Feature Set methodology result (120 genes) with the RankProd result shows that 80 out of our 120 genes are present in the top listed genes of RankProd result of the combined dataset. This signals a high level of agreement between the two meta-analysis methods. The comparison of Coloured (α,β)-k-Feature Set problem result and RankProd result is given in Table 7 . All genes in RankProd result also appearing in Coloured (α,β)-k-Feature Set result are marked in a supplementary material table (S6 Table) . In addition to the common 80 genes, notice there are also genes marked as four or five datasets in Coloured (α,β)-k because they have been filtered by the entropy filtering as non-informative for one or two datasets. This increases the agreement to 260 genes out of 327 (almost 80%) appearing in four or more datasets for Coloured (α,β)-k.
However, further analysis with RankProd including genes missing in one or more datasets places these genes at the top of the list, making further analysis difficult. Similarly, when genes with sparse missing values are included, these genes artificially escalate in the ranked lists towards the significant side as more missing values are introduced. This shows the inability of this method to deal with two frequent situations found in microarray datasets.
Robustness
To evaluate the robustness of the proposed method, we performed a sensitivity analysis by iteratively removing one or a set a genes at a time and compared the result with the original result. Summary results are given in Table 8 . On average, our results remain the same for more than 97% of the signature list, while the signatures size remain essentially the same (less than 0.5% increase in the worst case). This point to a highly robust result which does not depend on a (small) set of genes, even if they are on the high coverage set.
6 Functional and Pathway Analysis
Functional and pathway analysis has been performed on these 120 genes for further validation of our results. We have used DAVID [50] and STRING [51] for the functional annotation of the association between these genes. Functional annotation of these 120 genes clustered as 8 functionally related groups. Most of the genes in each group are related with prostate cancer and the most known genes in relation with prostate cancer with the clusters of genes can be found in S7 Table. To find the prostate cancer related pathways, we performed a pathway analysis using databases like DAVID [50] , KEGG [52] , FatiGO [53] . The resulted pathways with significant pvalue are given in Table 9 . A Pubmed search confirmed that all the resulting pathways are related to prostate cancer. Our analysis also identified several other genes that have no related publications in relation with prostate cancer.
Discussion
The microarray technology has a tremendous impact on cancer research in assessing the presence of cancer cells in patient tissues. The rapid acquisition of microarray data makes it possible to integrate this large amount of data across a range of platforms. In this study, we identified robust cancer gene expression signatures common to all datasets. The comparison of our proposed method with individual study results highlights the advantages of meta-analysis over individual studies. The comparison of our method with one of the state of the art methods shows the robustness of this method.
Results of (α,β)-k-Feature Set selection for each individual dataset provide signatures of reasonable size capable of discriminating between primary tumours and normal samples. However even though individual signatures consist of a large number of features, the number of common genes is limited to seven and is too little for further analysis. The result of Coloured (α,β)-k-Feature Set problem shows a vast difference in the number of resulting genes and is reliable for further analysis. The combined dataset contains 10729 out of 16157 combinations of probes from three or more datasets. That confirms we get a good coverage on all the datasets by using the proposed method of integration. Furthermore, the Coloured (α,β)-k-Feature Set problem results show that around 2272 out of 3190 resulted features cover four or more datasets. Number of Datasets shows the number of datasets considered to find the overlapping. t-test gives the number of overlapping genes in t-test results for the considered datasets, (α,β)-k Feature Selection gives the number of overlapping genes between individual (α,β)-k feature selection result for each case.
Coloured (α,β)-k-Feature Selection gives the number of common genes in the result of Coloured (α,β)-kfeature selection considered case of datasets. For method details refer to Section 2.
doi:10.1371/journal.pone.0127702.t006 Even though the (α,β)-k-Feature Set methodology and t-test provided good results on individual datasets, a large number of genes have been eliminated from the common set of genes which may include potential biomarkers. So when we performed the data integration instead of considering common genes on individual dataset results, the number of resulting genes is significantly increased. This shows that the proposed method makes it possible to uncover robust biomarkers by increasing the sample size to a sufficient level and helps to capture the consistent features that might have been masked because of the limitations of individual studies. As we have a reasonable number of genes, they can also provide more information about prostate cancer.
The result of Coloured (α,β)-k-Feature Set problem evidences a high level of agreement with the top listed genes of RankProd result, where almost 80% of our signature is included in RankProd's result. However, RankProd results are considerably larger in size, hindering interpretation. Additionally, as mentioned before, RankProd artificially reduces the rank of any gene with missing values (escalating its position to the significant side of the list), which: i) restricts Pathway Name is the name of the pathways. Pathway Classification is the class of each pathway. P-value is the respective p-value for each pathway.
Reference is the papers which show the relation of each pathway with prostate cancer. applicability to the genes represented in all platforms, and ii) introduces non-linear rank scaling in the presence of scattered missing values. In contrast, Coloured (α,β)-k-Feature Set methodology automatically deals with any amount of missing values (that is, a gene may not be present in a dataset but still be significant to explain a large number of sample pairs in the other datasets), providing a more reliable result. Although not used in our investigation, Coloured (α,β)-k-Feature Set methodology allows for weights to be assigned to genes and samples independently, and account for an external perceived relative confidence in each experimental condition, if so desired. The sensitivity analysis shows a high level of consistency with the original solution. Each step of the sensitivity analysis confirms that the proposed method is not relying on a single or a small set of genes. The results of the analysis also show that the significance of the gene is not dependent on a single dataset. The consistency of the results shows the robustness of our proposed method and validates the findings.
It is not surprising that most of the signature genes have been reported to be related with prostate cancer. For instance, AMACR [54] [55] [56] [57] [58] [59] , HPN [60] [61] [62] , SOX4 [63] [64] [65] [66] [67] , DAXX [68, 69] , EPB41L3 [70] [71] [72] , CXCR3 [73] [74] [75] [76] [77] [78] [79] , TGFB3 [80, 81] , EEF2 [82, 83] are the most well-known biomarkers for prostate cancer. As defined by the Gene Ontology Consortium, most of the resulted genes are involved in cell cycle (MYH11), regulation of transcription (SOX4, SMARCC2, ZIM2, PDLIM5, ZNF217, PSIPI, ACRC, PEG3, TAF1, ZMYM3), receptor activity (JAM3, TAPBP, COL4A5, CXCR3, COL4A6, HPN, COL9A2, PTPRN2, COL6A1) and other biological activities like transportation, cell adhesion and cell organisation (the list of genes with the related literature references can be found in S8 Table) .
Most of the genes mentioned above and in S8 Table are highly correlated with prostate cancer. However we could find only some of them in the individual dataset results. We have also uncovered genes which participate in the same pathway class as genes related to prostate cancer, but have not yet been reported in relation to prostate cancer. For instance, the gene NUDT3 is not yet reported in relation to prostate cancer, but NUDT3 participates in the Collagen biosynthesis and modifying enzymes pathway which has been identified as a prostate cancer related pathway [84] . This indirectly suggests that this gene may also have some influence on cancer development.
Interestingly, the most significant pathway overrepresented in our results is the Integrin signalling pathway and focal adhesion. Integrins are transmembrane receptors and play an important role in cell survival, proliferation, migration, gene expression, and activation of growth factor receptors. Studies show that integrins are down regulated in the transition from normal prostate tissue to primary localized prostate cancer [85] . From our resulted list of genes COL4A5, COL4A6, COL6A1 and ITGB1BP2 are participating in integrin signalling pathway.
Smooth muscles found in the walls of reproductive tract of male and female which is made up of actin and myosin, together have the capacity to contract and relax. The prostate helps to control urine flow and ejaculations, via contractions and relaxation of its smooth muscle layers. The uncontrolled contraction of prostate smooth muscle may result in urinary tract problems in addition to prostate growth [86] . The smooth muscle contraction pathway has already been reported related with prostate cancer [87] . From our list of genes MYH11, MYL6, MYL6B and GUCY1A3 are related with smooth muscle contraction.
Collagen biosynthesis is the biosynthetic pathway responsible for collagen production. Studies have shown that the Gleason sum is increasing with decreasing cancer collagen content [88] . From our list of genes TGFB, COL4A5, COL4A6, COL6A1 and COL9A2 are related with collagen biosynthesis.
The outcomes of our work support the claim that the proposed method is a viable metaanalysis method for feature selection. The functional and pathway analysis results show that the Coloured (α,β)-k-Feature Set approach is capable of uncovering genes with significant and biologically relevant functions that other, non-integrative methods fail to identify.
Conclusion
We have presented the Coloured (α,β)-k-Feature Set problem as a combinatorial optimisation approach for multi-platform integration analysis without the need for normalisation of the data between datasets. The results indicate that the method is capable of providing highly significant signatures, even where the individual datasets before integration are small and thus lacking informational content. The method is generic and does not depend on inherent properties of gene expression data, allowing it to be potentially applied to any dataset where the notions of features, class based classification and equality between feature values is meaningful. In applying this methodology to an integrated prostate cancer dataset we have identified potential novel prostate cancer associated pathways and genes. As the number of cancer datasets increases we will be able to use this novel and robust method to combine more cancer datasets and identify more candidate pathways and genes.
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